INTRODUCTION
============

The optimal goals of inpatient admission are to cure, relieve, or comfort patients in dealing with their problems. However, the admission and hospitalization course can be major stresses to vulnerable older populations and result in a loss of independence in activities of daily living (ADLs).^[@R1],[@R2]^ In previous reports, ∼18% of very frail elderly and 24% of heart failure cases in the community experienced admission during a 1-year follow-up.^[@R3],[@R4]^ Furthermore, many older adults experience repeated admissions. In previous studies, early readmission (within 30 days after discharge) rates varied from 11% to 19% according to different settings and groups.^[@R5]--[@R7]^ A high readmission rate was associated with a poor patient outcome and incurred a considerable economic burden.^[@R8]^ The Centers for Medicare and Medicaid Services (Baltimore, MD) have used readmission rates as a pay-for-performance indicator, and hospitals would be penalized if their risk-adjusted readmission rates were high.^[@R9]^

A prediction model that estimates the possibility of admission or readmission among older adults may be helpful in clinical settings. Innovative managements may be used to target high-risk fragile patients with the goal of decreasing admission and readmission rates. It is also important for policy makers to reallocate resources to provide additional services such as transitional care to mitigate these problems.

Risk factors for admission or readmission could be multifactorial. A systematic review showed that sociodemographics, comorbidities, functional status, and previous health care utilizations were thought to have a significant effect on readmission.^[@R10]^ However, the risk of initial admission among community-dwelling elderly is still uncertain. A limited number of studies have targeted some diseases but without systemic model construction.^[@R11],[@R12]^ Furthermore, even risk factors for readmission are inconsistent in different study settings and mainly focus on a specific disease such as heart failure, acute myocardial infarction, or chronic obstructive pulmonary disease^[@R13],[@R14]^ rather than older adults in general, and some studies were smaller or designed for other purposes.^[@R6],[@R15]--[@R17]^

For better prevention, risk factors for both admission and readmission should be considered equally. The objective of this study was to develop prediction models for admission and readmission using the National Health Insurance (NIH) Research Database in Taiwan.

METHODS
=======

Study Design
------------

The proposed study is a secondary data analysis from existing public database with retrospective cohort design.

Databases
---------

The NHI program is a mandatory insurance plan implemented in 1995. NHI provides health care coverage to 99.6% of the population and has contracted with \>90% of the health care institutions in Taiwan.^[@R18],[@R19]^ For this analysis, we used a longitudinal health care database containing claims data for a cohort of 2 million subjects randomly selected from the total Taiwan population in 2000. The database was established and is held securely by the Collaboration Center of Health Information Applications, Ministry of Health and Welfare (Taiwan). Files of inpatient and outpatient expenditures, orders, and registry for beneficiaries were used to form the analytical database and can be linked through a scrambled personal identification number. Data linkage and analysis were performed at the center. The institutional review board of National Taiwan University Hospital approved this study.

Cohort Selection
----------------

### Inpatient Cohort to Predict 30-Day Readmission

Using the inpatient claims, we identified 41,586 older adults (≥65 years of age) who had a first admission (the index admission) in 2008 (Figure [1](#F1){ref-type="fig"}). To reduce the likelihood of including scheduled readmissions, we excluded hospital admissions with a principal discharge diagnosis of cancer because these patients were likely to have a planned hospital readmission for cancer treatments. Patients also were excluded if they died during the index admission or if they had missing information on sociodemographic variables. The final cohort included 39,156 subjects. The 30-day readmission was observed starting from the discharge date (flowchart can be found in Figure [1](#F1){ref-type="fig"}).

![Flowchart for selecting the outpatient and inpatient cohorts. NHI = National Health Insurance.](medi-95-e3484-g001){#F1}

### Outpatient Cohort to Predict 1-Year Hospital Admission

We identified 200,165 older adults. The first outpatient visit date in 2008 was defined as the index date. Because prior admission was a strong determinant of next admission,^[@R17]^ we excluded patients hospitalized within 6 months before the index date. Subjects also were excluded if they had missing information on sociodemographic variables. The remaining 178,286 subjects were followed up for 1 year, and hospital admissions were ascertained.

Candidate Variables
-------------------

The candidate predictors including demographic variables, clinical variables, and health care utilizations, and were selected based on the literature review and the knowledge of clinical experts.^[@R10]^ Clinical variables and health care utilizations were assessed by searching claims records within 1 year before the index date. Comorbid conditions, assessed using the diagnosis codes of the International Classification of Diseases, Ninth Revision, Clinical Modification (supplementary Table A1) were considered to be present if the diagnosis codes were recorded on ≥1 inpatient claim or ≥3 outpatient claims (variables are listed in Table [1](#T1){ref-type="table"}).^[@R20]^ Medication prescribed to patients, such as antihypertensive drug, antidiabetic drugs, nonsteroidal anti-inflammatory drugs, antidepressant, anxiolytics, hypnotics, and antipsychotics, were analyzed, but there were no significant effect (data not shown). They are not included in prediction model at final.

###### 

Baseline Characteristics of Inpatient and Outpatient Cohorts, 2008
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Statistical Analysis
--------------------

We split the data set into a development data set (75% of the data set; n = 29,351 for inpatients; n = 133,726 for outpatients) and a validation data set (25% of the data set; n = 9805 for inpatients; n = 44,560 for outpatients). Summary statistics, including mean and standard deviation, were provided for continuous variables, such as age, numbers of admission, and so on. Frequencies and proportions were used to summarize discrete variables such as education level, disease status, and so on. Missing information on sociodemographic variables were excluded from analyses. Candidate variables not associated with 1-year hospital admission (*P* \> 0.05) in the univariate logistic regression models were excluded from further analysis. We constructed a series of logistic regression models with the candidate variables added sequentially and compared the prediction performance among the models.

The model performance was assessed by using several metrics.^[@R21]^ Discrimination was measured using the area under the receiver operating curve (AUC).^[@R21]^ Akaike\'s information criterion (AIC)^[@R21]^ was computed to compare the overall model fit among models. We also calculated the calibration slope to assess the agreement between predicted probabilities and the observed outcomes.^[@R21]^ All of the analyses were completed using the SAS 9.3 package (SAS Institute, Inc, Cary, NC).

In the selection of comorbidities retained in the final model, the Charlson Comorbidity Index (CCI) and simple counts of several common comorbid diseases were both used. The final 6-disease model was finally chosen instead of CCI (19 items) because 2 models had similar performance in AUC, but the former one had fewer items and probably less administration time.

RESULTS
=======

Description of the Inpatient and Outpatient Cohorts
---------------------------------------------------

In terms of baseline characteristics, men accounted for 52.1% of the inpatient cohort and 47.9% of the outpatient cohort. Subjects in the inpatient cohort were older (mean age, 76.4 ± 7.0 years vs 74.2 ± 6.5 years; *P* ≤ 0.001). In both cohorts, the majority of patients was married and did not continue their education after high school. Diabetes and heart disease were among the most prevalent of all comorbidities. Nearly 1 of 7 (14.6%) of the inpatient cohort was readmitted within 30 days, and 1 of 5 (19.1%) of the outpatient cohort was admitted within 1 year. In both cohorts, all variables of the subjects in the development data set and those in the full cohort were similar (Table [1](#T1){ref-type="table"}).

Models Predicting 30-Day Hospital Readmission for the Inpatient Cohort
----------------------------------------------------------------------

In the development data set of the inpatient cohort (Table [2](#T2){ref-type="table"}), there was a steady increase in discriminative ability from model 1 (age only), to model 2 (adding marital status and education), model 3 (model 2 + health care utilization variables), model 4 (model 2 + 10 selected comorbidities), and model 5 (model 3 + selected comorbidities) (AUC from 0.547, 95% confidence interval \[CI\] 0.538--0.555 to 0.655, 95% CI 0.646--0.664). Model 5 was chosen as the final model because it had the highest AUC and the lowest AIC values among the 5 models. In the validation data set (Table [3](#T3){ref-type="table"}), the discrimination of model 5 was similar to that in the development data set. The calibration measures indicated a satisfactory fit for model 5 in the validation data set.

###### 

Odds Ratios and Performance of Various Models in the Inpatient Development Data Set
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###### 

Performance of Models Predicting 1-Year Admission and 30-Day Readmission
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Models Predicting 1-Year Hospital Admissions for the Outpatient Cohort
----------------------------------------------------------------------

In the development data set of the outpatient cohort (Table [4](#T4){ref-type="table"}), using approaches similar to the inpatient cohort, there were significant improvements in discriminative ability from model 1 (AUC 0.580, 95% CI 0.577--0.584) to model 5 (0.642, 95% CI 0.639--0.646). Models 4 and 5 performed similarly in terms of AUC. However, the AIC was smaller (or better) for model 5; therefore, it was selected as the final model. The variables selected in model 5 for the outpatient cohort were quite similar to those used with the inpatient cohort. The differences were that anemia was selected in the inpatient cohort, but chronic kidney disease (CKD) was used in the outpatient cohort. Also, the number of admissions in the previous year was significant only in the outpatient cohort. In the validation data set (Table [3](#T3){ref-type="table"}), the performance of model 5 was satisfactory (AUC 0.638, with a slope close to 1, indicating a good fit).

###### 

Odds Ratios and Performance Measures of Various Models in the Development Data Set of the Outpatient Cohort
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DISCUSSION
==========

Our study presented 2 practical models to predict the 30-day readmission rate of inpatients after discharge and the 1-year admission rate of outpatients, using a large population-based administrative data set. Our model included easily accessible sociodemographic factors, medical conditions, and prior health care utilizations with good fit in the validation data set.

Analysis of readmission in the general population is difficult because of the complexity of patient conditions and multifactorial determinants. This is the reason why most previous studies focused only on specific diseases with high readmission rates and attempted to use homogenous populations.^[@R22]^ However, the disease-orientated analysis had more limited generalizability. Also, recent literature on "posthospitalization syndrome" indicated that common risk factors for readmission may exist regardless of causes of index admissions.^[@R23]^ Therefore, the risk factors identified from our models for older adults in general can be targets for designing comprehensive strategies to mitigate "posthospitalization syndrome."

Compared with previous studies for disease specific severity, the hospital lethality rate in our inpatient cohort during admission was 5.6%, which was similar with intermediate risk group of acutely decompensated heart failure^[@R24]^ and patients with acute ischemic stroke.^[@R25]^ It seemed lower than community-acquired pneumonia^[@R26]^ (acute infection) and myocardial infarction^[@R27]^ (critical illness) condition.

Our readmission rate within 30 days was 14.6%, which was lower than in patients with several specific conditions such as congestive heart failure^[@R13],[@R28]^ or acute myocardial infarction^[@R29]^ but modestly higher than in a multicenter study in the United States with a general population.^[@R6]^

Studies on the prediction of admission of community-dwelling elderly are limited. Our study provides one of the first population-based estimates of the 1-year hospitalization rate (19%) in nationally representative samples. Other studies have reported estimates of specific diseases with relatively small sample sizes only, such as heart failure patients^[@R11]^ or very frail elderly.^[@R3]^

Our study confirms the findings that determinants of both admission and readmission are often multifactorial.^[@R10]^ However, we found strikingly similar predictors for both the inpatient and the outpatient cohorts. A plausible explanation was that determinants of admission and readmission share a common unmeasured geriatric condition such as frailty that increases the vulnerability of the elderly to admission and readmission.^[@R30]^

In our final model, age was a significant factor predicting admission and readmission. The postulated mechanism is that aging is related to several disease-susceptible conditions, such as vasomotor instability, reduced total body water content, and reduced ventilation.^[@R2]^ Comorbidity carried the greatest risk in admission or readmission analysis.^[@R31]^ Chronic obstructive pulmonary disease, heart disease, diabetes mellitus, and cancer status were included in both final prediction models. Cancer, especially metastatic cancer, carried the highest risk among all comorbidities. Consistent with another inpatient study from Taiwan, anemia, but not CKD, was predictive of 30-day readmission.^[@R31]^ However, in an outpatient setting, we found that CKD, but not anemia, was predictive of admission within 1 year. In outpatient settings, complications of CKD may prompt admission, whereas most chronic anemia can be managed as an outpatient.

Functional impairment such as needing ADLs assistance may have an association with readmission.^[@R32]^ Although there was a lack of functional variables in the administrative database, we used home health care service (HHS) as a surrogate of functional impairment in our model. In Taiwan, patients receiving HHS were often highly dependent on others for their ADLs (need assistance \>50% of the time when the patient is awake or chair-bound/bed-bound) or for tube care needs (nasogastric tube, Foley catheter, and tracheostomy tube).^[@R33]^ Differences in health care utilization may indicate the different health profiles of elderly people.^[@R34]^ Our study showed prior admission history and emergency room visits had a significant effect in our final model, and the results were consistent with previous studies.^[@R15],[@R35]^

We used the NHI program with its excellent coverage of the population in Taiwan, and selection and participation bias could be avoided with the setting.^[@R36]^ Our prediction model for both the community-dwelling and inpatient groups provides a wide application and good extrapolation. This is the first study to analyze outpatient and inpatient information in 1 setting model with systematic construction at the same time. Although not directly from our analysis, it seems that there were some common factors that might contribute initial hospital admission and subsequent 30-day readmission. A larger longitudinal data set that follows patients from outpatient status to first inpatient admission, and then extends to 30 days after discharge may help to identify the common risk factors.

This study presents some limitations. We used retrospective administrative data, and potential disease misclassification may exist. However, the strict selection in our study, using ≥1 inpatient claim or ≥3 outpatient claims may avoid the bias.^[@R20]^ Second, the data was derived from year 2008, which might not be applicable to current times. Before 2016, ICD-9CM is the only one disease coding system in Taiwan. Although health care technology may improve the disease diagnosis and treatment in the last 8 years, the ranking of major causes of death in the elderly seemed similar according the statistics data from the Ministry of Health and Welfare in Taiwan. Under the same disease coding system and similar major causes of death, we thought the periodical changes may not have significant effect to the final results.

Third, our retrospective administrative data lacked information on personal history (e.g., smoking) or global health status assessments that may be associated with the risk of readmission. The impacts of such variables on admission and readmission would be further clarified in prospective studies or other database collecting such information. Finally, the interference of readmission of community-dwelling subjects should be considered. To avoid the confounder, we excluded outpatient elderly with a previous admission within 6 months. In addition, our model has limited generalizability to the Taiwanese population. To increase generalizability, further international studies may be needed to calibrate the final model according to the different population in the world.

CONCLUSION
==========

Overall, from a clinical and quality improvement perspective, our study presents a well-structured, large population-based prediction model of admission and readmission. Both models had fair-to-good discrimination with reliable validation.
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Abbreviations: ADLs = activities of daily living, AIC = Akaike\'s information criterion, AUC = area under the receiver operating curve, CCI = Charlson Comorbidity Index, CKD = chronic kidney disease, HHS = home health care service, NHI = National Health Insurance.
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